The paper forms the first part of an introduction to possible impacts of climate change on daily streamflow and extremes in the Province of Ontario, Canada. In this study, both conceptual and statistical streamflow simulation modeling theories were collectively applied to simulate daily streamflow volumes. Based on conceptual rainfall-runoff modeling principle, the predictors were selected to take into account several physical factors that affect streamflow, such as 1) current and previous quantities of rainfall over the watershed; 2) an index of pre-storm moisture conditions; 3) an index of pre-storm evapotranspiration capacities; and 4) a seasonal factor representing seasonal variation of streamflow volume. These rainfall-runoff conceptual factors were applied to an autocorrelation correction regression procedure to develop a daily streamflow simulation model for each of the four selected river basins. The streamflow simulation models were validated using a leave-one-year-out cross-validation scheme. The simulation models identified that the explanatory predictors are consistent with the physical processes typically associated with high-streamflow events. Daily streamflow simulation models show that there are significant correlations between daily streamflow observations and model validations, with model R 2 s of 0.68 -0.71, 0.61 -0.62, 0.71 -0.74, and 0.95 for Grand, Humber, Upper Thames, and Rideau River Basins, respectively. The major reason for the model performance varying across the basins might be that rainfall-runoff response time and physical characteristics differ significantly among the selected river basins. The results suggest that streamflow simulation models can be used to assess possible impacts of climate change on daily streamflow and extremes at a local scale, which is major objective of a companion paper (Part II).
Introduction
Increased flooding risks from heavy rainfall events are recognized as the most important threat from climate change in many regions of the world (e.g., [1] [2] [3] [4] [5] [6] ). In Canada, the number of flood disasters has significantly risen in the past three decades. From the Canadian Disaster Database of the Public Safety and Emergency Preparedness Canada [7] , there were less than 10 flood disasters per decade in the first half of the 20th century and 44, 50, and 51 in the 1970s, 1980s, and 1990s, respectively. To better understand whether the frequency of heavy rainfall-related flooding will continue to increase in the 21st century, Environment Canada, in partnerships with four local Conservation Authorities, Ontario Ministry of Natural Resources, and CGI Insurance Business Services, has completed a three-year research project. This project attempts to assess possible impacts of climate change on future daily heavy rainfall, high/low streamflow, and flooding risks in the 21st century for the four selected watersheds (Grand, Humber, Rideau, Upper Thames) in the Province of Ontario, Canada. This current paper and a companion paper (Part II: future projection, Cheng et al. [8] ) focus on projection of changes in frequency of future daily high-/low-streamflow events, using downscaled GCM simulations of future daily rainfall quantities derived by Cheng et al. [9, 10] .
It has been well known that there are three types of rainfall-runoff transfer models: 1) physically-based, 2) conceptually-based, and 3) statistical. As Wood and O'Connell [11] pointed out, the key objective of the physically-based approach is to use "the equations of mass, energy, and momentum to describe the movement of water over the land surface and through the unsaturated and saturated zones." Physically-based models at-tempt to account for the spatially and temporally varying nature of the hydrological processes of water movement, considering watershed inputs (precipitation), losses (evapotranspiration), and characteristics (topography, permeability, vegetation) [12] [13] [14] . Although physically-based rainfall-runoff models can theoretically simulate the rainfall-runoff response, data support, in practice, is limited [15] . Many requirements of physically-based models cannot be obtained and calibrated using available rainfall-runoff data.
An alternative to the physically-based approach is the conceptually-based approach. This approach can simplify representation of physical processes according to the researchers' conceptualization of the perceived important underlying rainfall-runoff transfer processes [15] . There are various conceptual models that apply different perceptions and conceptualizations of system components. For example, the antecedent precipitation index (API) is one conceptual model that, in a simple manner, uses a linear equation to transform the precipitation excess into streamflow forecasts [16] [17] [18] [19] . The API, which is currently used operationally by the Ontario Ministry of Natural Resources in their flood forecasting program, is computed from rainfall data for a number of days prior to a storm. Bruce and Clark [17] developed the API for Ontario, Canada and pointed out that the API takes into account several physical factors that affect streamflow, such as 1) previous moisture conditions of the watershed; 2) infiltration rates of rain into the soil of the watershed basin; and 3) initial losses of rain to surface detention. In the current study the API was used as a predictor to simulate daily streamflow volumes.
A study [15] has tested 12 conceptual model structures on 28 different kinds of catchments in the UK to select conceptual models for use in model regionalization studies. Although the study was unable to suggest the preferred conceptual model structure for a specific type of the catchment, the results from the study indicated that the four model structures might be the most suitable for regionalization across UK catchments. The four models are the modified Penman model with two parallel linear routing reservoirs, and the probability distributed soil moisture model with either two parallel routing linear reservoirs, three parallel linear routing reservoirs, or the macropore adaptation. This study suggests that it is very challenging for researchers to select an appropriate conceptual model for a particular watershed of interest.
The third category of models-statistical models-has also been commonly used to simulate rainfall-runoff processes, referring as the systems approach [11, 12] . Statistical simulation models focus on development of direct relationships between the streamflow volume and values of precipitation and other parameters as well as streamflow at previous times. Compared to physicallybased models, the statistical model is relatively easy to use and provides quick forecasts of streamflow values in the simplest way [12] . The statistical schemes used in the previous studies differ according to application of different statistical fitting procedures. For example, an autoregressive and moving average (ARMA) model has become quite popular for both simulation and forecasting of hydrometeorological processes [20] . The ARMA assumes that the flow at any time is a function of the antecedent flows, and it does not properly account for the rising limb and recession characteristics that are typical of hourly and daily flow hydrographs [20, 21] . Another approach-artificial neural network (ANN)-has been employed in modeling rainfall-runoff processes (e.g., [22] [23] [24] [25] ). Hsu et al. [25] pointed out that the ANN approach provided a better representation of the rainfallrunoff relationship in the medium-size Leaf River Basin near Collins, Mississippi than the ARMA time series approach and the conceptual Sacramento soil moisture accounting (SAC-SMA) model. Using past rainfall depths as the only input information, Toth et al. [26] pointed out that the ANN approach could significantly improve flood forecasting accuracy compared to the use of the ARMA and non-parametric nearest-neighbours method. However, the ANN approach is often criticized as a black-box model since it does not provide much insight into the model structure (e.g., [27] ). After applying a nonlinear polynomial regression and ANN models to simulate daily discharge at Glenmore Reservoir (located in the southwest of Calgary, Alberta), Chen et al. [27] concluded that the polynomial regression model with ten terms yielded superior results to the ANN.
In the previous studies, the statistical streamflow simulation modeling selected only rainfall and other meteorological variables as predictors but didn't fully take into consideration the conceptually-based modeling principles. The statistical modeling should also consider the conceptualization of the perceived underlying rainfallrunoff transfer processes that were used in conceptual streamflow simulation modeling. The current paper describes the background to the development of daily streamflow quantitative simulation models, combining theories from both conceptual and statistical modeling altogether. Several physical factors represented conceptualization of the perceived important underlying rainfall-runoff transfer processes were used as predictors in autocorrelation correction regression analysis (refer to Analysis Techniques section for detailed information). These daily streamflow simulation models developed in this current study are primarily applied to project changes in frequency of future daily high-and low-streamflow events, which is the major objective of a companion paper (Part II: future projection, Cheng et al. [8] ).
basins, such as areas, physical features, mean streamflow volume and seasonal rainfall totals (April-November), are outlined in Table 1 . As described in a recent study [9] , there are a couple of reasons for the selection of the warm season (April-November). First, this study is part of a project focusing on investigation of climate change impacts on future daily rainfall-related high-/low-streamflow events, of which snowmelt or ice jam flooding events were not considered. Second, in the study area, most of the heavy rainfall events occur during this warm season.
This paper is organized as follows: in Section 2, the main characteristics of selected watersheds are described. Section 3 summarizes data sources and treatment. Section 4 presents the analysis techniques as applied to development and validation of daily streamflow simulation models. Section 5 includes the results and discussion, and the conclusions and recommendations from the study are summarized in Section 6.
Selected Watersheds
The characteristics of the selected river basins are quite different from one another. For example, the Rideau River Basin is the most naturalized tributary Four watersheds in southern Ontario were selected: Grand, Humber, Rideau, and Upper Thames Rivers, as shown in Figure 1 . The main characteristics of the river among the selected river basins. Specifically, it has the greatest percentage coverage of forest (39%) and wetland (15%). Conversely, the Humber River (the Black Creek tributary) flows through a developed, urban area; of all the selected watersheds, it has the greatest percentage of urban coverage (98%). This urban watershed was selected, because of its canalized waterway with the faster rainfall-streamflow response timing compared to natural waterways in rural watersheds, to witness there is any difference in development of daily streamflow simulation models between urban and rural watersheds.
Other two watersheds, the Upper Thames and Grand, are predominantly covered by agricultural fields with 87% and 70% coverage, respectively. The major soil types found in each of the river basins also differ: the Rideau is composed of clay and limestone, the Grand is governed by till soils (in the northern half) and sandy moraine soils (in the southern half), the Upper Thames is made up of loam and silt/clay loams, and the Humber is primarily concrete surfaces.
Data Sources and Treatment
Historical observations on daily rainfall and daily mean temperature for the period April-November 1958-2002 were also used in this study. Daily rainfall data were extracted from Environment Canada's National Climate Data and Information Archive. As shown in Figure 1 , a number of climate stations within each of the river basins were selected for the analysis: 13, 12, 13, and 9 for Grand, Humber, Rideau, and Upper Thames Rivers, respectively, based on the length of the available data record (e.g., above 25 years). Daily rainfall data observed at the selected climate stations in each river basin were used to calculate mean daily rainfall quantities, representing average rainfall conditions for the catchments. Within-river-basin average daily rainfall amounts were used to develop daily streamflow simulation models in the current study. In addition, daily mean temperature observed at the meteorological station located in the international airport within each of the watersheds was used in daily streamflow simulation modeling. Daily streamflow data were retrieved from Environment Canada's HYDAT CD-ROM that provides access to the National Water Data Archive. The archive contains daily and monthly data for streamflow, water level, and sediment data for over 2500 active and 5500 discontinued hydrometric monitoring stations across Canada [28] . In each of the selected river basins, there are a number of streamflow monitoring stations available. To more effectively develop a rainfall-runoff transfer model, non-regulated streamflow monitoring stations should be used. One non-regulated streamflow monitoring station in each river basin was recommended and selected by scientists from the local Conservation Authorities, as shown in Table 1 . Another consideration for selection of streamflow stations is the length of the data record. For both Grand and Upper Thames rivers, the data record of the period April-November 1958-2002 observed at the selected streamflow monitoring stations was used in the study, April-November 1967-2002 for Humber River, and April-November 1970-2002 for Rideau River. Of the selected streamflow monitoring stations, about 0.05% of the total days in the study period possess missing data for the Nith River near Canning in the Grand River Basin; there is no missing data for other selected streamflow monitoring stations in the remaining three watersheds.
Analysis Techniques

Development of Daily Streamflow Simulation Models
Streamflow simulation models developed in this study are comprised of a two aspects: 1) selection of a regression method and 2) selection of predictors. When timeseries data, like daily streamflow volumes, are used in developing a regression-based prediction model, the serial correlation in time-series data should be taken into account. Without considering serial correlation, the ordinary regression residuals, assumed to be independent of one other, are usually correlated over time due to autocorrelation [29] . Consequently, the regression analysis excluding autocorrelation is not suitable when using time-series data because the statistical assumptions on which the linear regression model is based are usually violated. On the other hand, the autoregressive model is not appropriate either as it does not account for the rising limb and recession characteristics of the daily flow hydrographs [20, 21] . To overcome these problems, an alternative technique that caters for both the serial correlation and rising limb/ recession characteristics should be employed to simulate daily streamflow volumes. Autoregressive error correction regression is able to take into consideration both persistence and deterministic terms in daily streamflow simulation modeling [29] . The Statistical Analysis Software (SAS) AUTOREG procedure [29] was used in the study since the procedure can simultaneously estimate the regression coefficients by fitting an ordinary least squares model and the autoregressive error model parameters by fitting a generalized least squares model to correct the regression estimates for autocorrelation.
Predictors used in the development of the daily streamflow simulation model are listed in Table 2 . These predictors were selected based on a nalyses of the relationships between streamflow and predictors as well as the results derived from the previous studies (e.g., [17, 19] ). The antecedent precipitation index (API) takes into account several physical factors that affect streamflow, as Bruce and Clark [17] pointed out, such as 1) pre-storm moisture conditions in the watershed, 2) infiltration rates of rain into the soil of the river basin, and 3) initial losses of rain to surface detention. The API was calculated following Kohler and Linsley's equation [16] , using river-basin-averaged daily rainfall data:
where P t is precipitation during day t, n is the number of antecedent days, and k is a decay constant. The Ontario Ministry of Natural Resources (MNR) has used the values n = 24 and k = 0.84 in API calculations for Ontario operational flood forecasting program. Before applying these parameters to the current study, the relationship between the API and decay constants and the number of antecedent days needs to be evaluated, using river-basinaveraged rainfall data, to ascertain whether the parameter's values are representative in the study area. As an example shown in Figure 2 for Upper Thames River, the API curved lines can be divided into two distinctive groups by the line with 0.84 of the decay constant (similar results were discovered for other rivers as well). With a larger decay constant (>0.84), it takes very long time (more than one or two months) for the API to approach a stable value. On the other hand, when using a smaller decay constant (<0.84), the API approaches a stable value in a very short time period (only a few days). When k = 0.84 is used, it takes about 24 days for the API to reach a stable value. To calculate the API for April, the rainfall data observed in March were used in the analysis. In addition to the API, the API 2 was also used in the study since there is a quadratic relationship between the API and daily streamflow volumes in the selected river basins based on analysis.
The antecedent temperature index (ATI) was computed from daily mean temperature data for the seven days prior to the present rainfall being recorded. Daily mean temperature was used to compute the ATI because of its stronger relationship with station elevations and latitudes than either maximum or minimum temperatures [30] . The ATI was first introduced by Hopkins and Hackett in 1961 as a factor in the prediction of runoff from storm rainfall in New England and New York, the United States. The ATI takes into account previous evapotranspiration capacities that affect streamflow, especially during drought summertime. The ATI was calculated by the following algorithm modified from Hopkins and Hackett's equation, using daily mean temperature observed at a meteorological station within each river basin:
where subscript i represents today, and the second term of the equation's right side represents mean temperature (T) for the past seven days. For the early April, the ATI was calculated using the temperature data observed in the late March.
Another important predictor for development of streamflow simulation models is rainfall information. The current-day, previous-day, and day-before-yesterday rainfall quantities were considered as predictors when developing the daily streamflow simulation models. Which of those to be selected as predictors depend on the rainfall-streamflow response time of the river basin. These predictors were tested to develop daily streamflow simulation models based upon their relationship with streamflow for each of the river basins. The test results indicated that the current-day rainfall significantly contributes to the streamflow for all selected river basins. The previous-day rainfall is also included in streamflow simulation modeling, which was selected by autoregressive error correction regression for the Humber and Upper Thames Rivers. The day-before-yest erday's rainfall is selected to develop daily streamflow simulation mod- els for the Grand and Rideau Rivers. The last predictor used in the daily streamflow simulation modeling represents streamflow seasonal variation. Streamflow volumes possess a seasonal variation: high flow usually occurs in the spring as a result of the melting of accumulated winter snowfall; summer and autumn are the seasons of generally low flows as a result of the depletion of groundwater reservoirs during these months (Figure 3) . Such seasonal variation should be taken into account when developing daily streamflow simulation models. As shown in Figure 3 , a fourth-order polynomial function of Julian day best fits the daily mean streamflow data for the four selected river basins, with model R 2 s of 0.87, 0.88, and 0.91 for the Upper Thames, Grand, and Rideau rivers, respectively. However, the model R 2 of 0.33 for Humber River is much lower than other river basins. The possible reason for this might be that the daily streamflow volume in Humber River Basin is much lower than it is in three other river basins; consequently, the seasonal variation is much smaller. Although the polynomial function of Julian day is developed from year-round recorded data, only eight months (April-November) of the time are actually used in the daily streamflow simulation modeling.
Validation of Daily Streamflow Simulation Models
The daily streamflow simulation models were validated using a leave-one-year-out cross-validation procedure, in which the regression procedure was repeatedly run to develop a streamflow simulation model that would validate one year of independent data for each year in the dataset. The validated data were then compared with observations to evaluate model performance. As a result, the number of simulation models developed in the study is the number of the total years used in the analysis. For example, in the Upper Thames River Basin the data observed for the period 1958-2002 were used in the development and validation of daily streamflow simulation models; therefore, 45 models in total were developed. Each model was developed using 44 years of data and one-year data were withheld to validate the model. One of the advantages using the cross-validation procedure is that it is able to use a series of models to evaluate the reliability of the streamflow simulation models when the models' performances are consistent at a certain level.
Results and Discussions
Daily streamflow simulation models developed by autoregressive error correction regression for all selected river basins, of which one model for each river basin is shown in Table 3 as an example. This model was developed when the data for the year 1979 were withheld as an independent dataset for validation of the model. As shown in Table 3 Note: RMSE = root mean squared error; API = antecedent precipitation index; ATI = antecedent temperature index; AR1 = the order 1 or lag 1 autocorrelation parameter; Estimate = the coefficient of the regression algorithm; and Std Err = standard error.
spectively. The simulation models have identified that the predictors are consistent with the physical processes typically associated with high flow events. From the simulation models provided in Table 3 it is seen that the first-order autoregressive process (AR1), which represents the serial correlation of streamflow itself and the explanatory predictors, significantly contribute to streamflow simulation. Since a negative AR1 is built in the autoregressive error correction modeling, there is a positive relationship between the AR1 and daily streamflow volumes. In addition to the persistence of high-streamflow, rainfall/moisture conditions (i.e., today/previousday rainfall and API) and streamflow seasonal variation (i.e., polynomial function of Julian day) are positively associated with daily streamflow volumes. Furthermore, there is a significantly negative relationship between the ATI and daily streamflow volumes since the ATI represents evapotranspiration within the river basins. The robustness of the developed streamflow simulation models is examined considering not only the AR1 but also the higher order parameters, such as the second-order to fifth-order autoregressive processes. The test results showed that considering any of higher order parameters, the simulation models didn't improve much on the model performance in terms of model R 2 (with 0.00 -0.02 increase) and root mean squared errors (with 0.0 -0.2 m 3 ·s -1 decrease). As a result, it is not necessary to consider any of order parameters higher than the first-order autoregressive process in the daily streamflow simulation modeling.
In addition to sample models summarized in Table 3 , all streamflow simulation models' R 2 s and root mean squared errors (RMSEs) for the selected river basins are shown in Table 4 . For reference, overall daily mean streamflow volume and standard deviation for the entire study period are also listed in Table 4 . Furthermore, the comparison between streamflow observations and model validations is illustrated in Figure 4 , of which the model R 2 s and RMSEs are very similar to the model simulations as shown in Table 4 . To effectively measure difference between model simulations and validations, the difference between the two data sample means and variances was analyzed, respectively using t-and F-tests; no significant (<0.05 level) difference between the daily streamflow simulations and validations was detected. It implies that the stream-flow simulation models developed in the study are reliable with a great potential to be used to downscale future daily streamflow volumes at a local scale.
From Table 4 and Figure 4 , it can be seen that the streamflow simulation model performance for Upper Thames and Grand Rivers is very similar, with model R 2 s ranging from 0.68 to 0.74. The streamflow simulation models for Rideau River demonstrated the strongest models of the selected river basins with R 2 of 0.95; for Humber River, the simulation models are the weakest with R 2 ranging from 0.61 to 0.62. This implies that the methods used in the study are more suitable to develop simulation models of daily rainfall-related streamflow volumes for nature waterways in rural watersheds, such as Rideau, Grand, and Upper Thames Rivers. The methods are limited for an urban river basin like the Black Creek tributary of the Humber River. The reasons for this might be that rainfall-streamflow hydrological response time and physical characteristics differ significantly between urban and rural river basins as described as follows:
1) The API is not a good indicator to simulate daily streamflow for an urban river basin like the Humber River. As discussed above, the API takes into account several physical factors that affect streamflow, including previous soil moisture conditions of the watershed. The API is suitable to characterize the soil moisture conditions for rural river basins (e.g., Grand, Rideau, and Upper Thames) but not for urban river basins with a concrete waterway (e.g., Humber River).
2) The serial correlation of daily streamflow volumes, presented by the AR1 in streamflow simulation models, varies among the river basins. From Table 3 , the AR1s for Rideau and Humber Rivers are the largest (-0.96) and smallest (-0.11) of the selected river basins, respectively; the parameters for Grand and Upper Thames Rivers fall in the middle with the similar values (i.e., -0.77 and -0.73).
3) The seasonal variation of daily mean streamflow (the polynomial function of Julian day), which is another important predictor to simulate daily streamflow volumes, differs between the river basins. The stronger the seasonal variation is, the more the predictor contributes to streamflow simulation. As shown in Figure 3 , the model R 2 of a fourth-order polynomial function of Julian day is 0.91 for Rideau River and 0.33 for Humber River, which is the largest and smallest model R 2 of the selected river basins. The model R 2 s for Grand and Upper Thames Rivers are 0.88 and 0.87, respectively. 4) An additional possible reason for the weakest daily streamflow simulation model in the Humber River Basin might be that the daily streamflow volume observed at the station Black Creek near Scarlett Road of Humber River is usually quite small. From Table 1 it is seen that overall daily mean streamflow volume during the entire study time period in the Grand, Rideau, and Upper Thames Rivers is 11.5, 7.8, and 3.3 times as high as that in the Humber River. The statistical methods used in the study could be restricted when the daily streamflow volume is very low.
5) The last possible reason for the weakest daily streamflow simulation model in the Humber River Basin might be limitation of streamflow data. The streamflow data used in the study are daily mean flows which are averaged over a 24-hour period (i.e., 00:00-23:00 LST), and are currently available from the Environment Canada's National Water Data Archive. For rapidly rainfallstreamflow responding urban watersheds (e.g., the Black Creek tributary of the Humber River), daily mean streamflow data are limited in their usefulness for studying more detailed information on the simulation of the highstreamflow events. If the short-duration (less than one day) streamflow data were available, the streamflow simulation models for the Humber River Basin could possibly be improved by using streamflow information at a shorter time step.
Conclusions and Recommendation
The purpose of this study was to collectively apply both conceptual and statistical modeling theories to develop daily streamflow simulation models for four selected river basins in the Province of Ontario, Canada. The simulation models demonstrated significant skill in the discrimination and prediction of daily streamflow volumes as well as occurrence of high-/low-streamflow events. A formal model result verification process has been built into the exercise, using a leave-one-year-out cross scheme. The results have shown that there are significant correlations between daily streamflow observations and model validations, with model R 2 s of 0.68 -0.71, 0.61 -0.62, 0.71 -0.74, and 0.95 for Grand, Humber, Upper Thames, and Rideau River Basins, respectively. As a result, a general conclusion from this study is that the methods used in the analysis are suitable to be used for projection or downscaling of changes in frequency of future daily high-/low-streamflow events at a local scale, which is the major objective of a companion paper (Part II: future projection, Cheng et al. [8] ). To achieve this, the research work should include the following three aspects. First, the downscaled future daily rainfall data at a river-basin local scale are required, which have been derived by Cheng et al. [9, 10] . Second, the statistical downscaling method developed by Cheng et al.
[31] will be adapted to downscale future GCM simulations to the selected meteorological stations for weather variables that were used in the daily streamflow simulation modeling. Third, future daily streamflow volumes can be projected by applying daily streamflow simulation models developed in the current study with downscaled future climate information.
In this study, the streamflow simulation models are river-basin-specific since the predictors were selected and constructed based on characteristics/relationships specific to the selected river basins. Therefore, to apply these models at other locations, they have to be recreated each time using locally measured data. The methods of streamflow simulation modeling, including predictor selection/construction processing, can be adopted to any other river basin influenced by a variety of topographic and other factors to build a new streamflow simulation model.
